Supplementary Figure 9 . Map of seven clusters and main river basin outlines for southern Africa, for analysis period 1956-2011, (a.) CRU TS rainfall data, (b.) GPCC rainfall data. Note the full basin outline shown for the Orange River was not used for calculations and three Pumped Storage Schemes (small basins adjacent to Orange basin) were also not used (See Supplementary Table 17 for list of dams used). Figure 2 shows the clusters as defined on the CRU TS 0.5° grid for 9 (S9_1 to S9_9) and 7 (S7_1 to S7_7) clusters, respectively. The cluster number is used for the timeseries analyses shown below, so it is labelled on each figure to enable identification. With a few minor exceptions, the clusters are contiguous and show some agreement with expected climate regimes -though note that the clusters are determined by common year-to-year variability rather than by similar climatological means.
The regionalisation is quite stable between these two versions, with most clusters very similar and the main differences are that clusters S9_5 and S9_6 (in the nine cluster case) are combined to form cluster S7_5 (in the seven cluster case) and cluster S9_1 is split, with half joining S9_9 to form S7_4 and the remainder joining S9_2 to form S7_7.
Supplementary Figures 3 and 4 show the timeseries of annual-mean precipitation (from CRU TS3.24) for the 9 and 7 clusters, respectively. Some clusters show strong multidecadal variability, and particular extreme events are evident in all cases. By reference to the different cluster numbering (Supplementary Figure 2) , it is clear that the small differences in regional definitions make little difference to the regional timeseries and that the combined regions for the seven cluster case do have some common variability when kept separate in the nine cluster case.
Artefacts of incomplete data coverage are also present, and guide further analysis of these clusters. The CRU TS gridded precipitation values are relaxed towards their climatological mean when there are no nearby weather stations (and are held constant at the climatological mean when there are no stations within the correlation decay distance, which for precipitation is 450 km; (1)). This is manifest as suppressed variability and a return to the 1961-1990 climatological mean and is particularly apparent after about 1995 in clusters S9_4, S9_7, S7_2 and S7_6, reflecting less data availability from Angola for recent years in the CRU TS database. Although less apparent in these timeseries, the number of African precipitation stations available in the first few decades of the twentieth century is relatively low (see 1). The period with best overall data coverage is 1931 to 1995.
Although the cluster analysis, by building on the underlying PCA, groups grid cells with similar correlations and excludes grid cells with dissimilar correlation, it is nevertheless the case that there will be intra-cluster variation and there will be correlated behaviour between clusters. The choice of how many clusters to define is, therefore, somewhat arbitrary -though guided by knowledge of different regional climate regimes and by a preference for spatially contiguous regions. Choosing fewer clusters might overstate the coherent variability (and thus exposure to concurrent climate risk) by combining grid cells with increasing amounts of independent variability into single clusters, whereas choosing more clusters might understate the coherent variability because separate clusters may nevertheless be significantly correlated with each other. A further issue is that the strength of spatial correlations may vary over time (due to random sampling variability, due to changing strength of common external drivers, or due to dataset artefacts), making the results sensitive to the period of analysis. These issues are explored by considering the matrices of correlations between regions for different time periods and for the nine and seven cluster choices.
Considering first the period over which the clusters were defined (1956/7 to 2011/2), r > 0.5 occurs (Supplementary Table 1 ) between eight cluster pairs: (S9_1, S9_2) (S9_1, S9_8) (S9_1, S9_9) (S9_2, S9_3) (S9_2,S9_8) (S9_3,S9_8) (S9_5,S9_6) and (S9_8,S9_9). It is not surprising that two of these pairs (S9_1, S9_2) and (S9_5, S9_6) are joined when only seven clusters are defined. With seven clusters (Supplementary Table 2 ), only four pairs of regions have r > 0.5, the adjacent (see Fig.  2 in the main paper) pairs (S7_1, S7_3) (S7_3, S7_4) (S7_3, S7_7) and (S7_4, S7_7).
Inter-regional correlations computed over the longer (1931/2 to 2011/2) period with reasonable data coverage (not shown) have a similar number of strong inter-cluster correlations: with nine clusters, r > 0.5 occurs for the same eight regions, while with seven clusters there are only three pairs with r > 0.5, namely (S7_1, S7_3) (S7_3, S7_4) and (S7_3, S7_7).
The mechanisms that cause spatial coherence in the precipitation fields (both the spatial coherence that allows these cluster regions to be defined, and also that contributes to these correlations between clusters) include the inherent spatial scale of individual weather systems as they cross southern Africa and the common "external" drivers of rainfall variability. Here, we consider correlations between these cluster area-average, annual-mean precipitation time series and four indices describing modes of climate variability: two measuring El Niño Southern Oscillation (ENSO) variability -the Nino3.4 sea surface temperature and the Southern Oscillation Index (SOI) -one measuring Indian Ocean variability -the Indian Ocean Dipole (IOD) -and one measuring Southern Hemisphere extratropical variability -the Southern Annular Mode (SAM).
Supplementary Tables 5 and 6 show the correlations for the nine and seven clusters for the period over which the clustering was done (1956/7 to 2011/2), which is almost the same period for which the SAM data is considered to be reasonable (1957/8 to 2011/2) according to (2) . See Supplementary Note 3 for results using different time periods. The 95% confidence interval is given to highlight the likely range of genuine correlation, and correlations are different from zero with statistical significance when this range does not encompass zero (highlighted bold). The confidence intervals are calculated for data without autocorrelation (they would be wider for series with autocorrelation) but the best estimates would not be affected and this is sufficient for our purposes here, which is a simple exploration of the reasons for coherent precipitation across the region. Regional precipitation is correlated negatively with Nino3.4 and positively with SOI (except for two northern regions for the nine-cluster case) across the whole southern African domain. This consistency demonstrates field significance and agrees with the expectation of drier conditions associated with El Nino events in this domain. The weakest (and non-significant) correlations are with the northern clusters (S9_4, S9_5, S9_6, S9_7 for nine clusters; S7_2, S7_5, S7_6 for seven clusters) and the strongest are with the southern and southeastern clusters. They are fairly stable between analysis periods (see Section SI-3, though the southeastern clusters S9_8 and S7_3 are less strongly correlated with ENSO in the more recent period). This ENSO influence explains why precipitation variability is coherent in these regions, and also between some of the region's pairs (see earlier discussion of the strongest inter-cluster correlations).
Correlations with IOD are weaker, as expected because the IOD influence is stronger in eastern Africa rather than southern Africa (Figure 4 of 3 ; see also 4, 5) . There are some mainly negative correlations (drier conditions associated with positive IOD DMI, a greater SST gradient from west to east in the Indian Ocean) in the south and east, e.g. for the southernmost region (S9_3 for nine clusters, S7_1 for seven clusters) in agreement with September-November rainfall anomalies shown in Figure 4 of (3) and one or two other clusters in the east (e.g. statistically significant for S7_4 over parts of Zambia and Zimbabwe).
The SAM index is not very well constrained by observations prior to the 1950s. For the period over which the clusters were defined, there are no significant correlations with the SAM index. For the shortest analysis period considered in Supplementary Note 3, 1980/1 to 2011/2, there are moderate positive correlations with SAM across some western and southern clusters (S9_2, S9_4 and S9_8 for nine clusters; S7_3, S7_6 and S7_7 for seven clusters) but excluding the southernmost cluster (Western and Eastern Cape, S9_3 for nine clusters and S7_1 for seven clusters). This is partly in agreement with Fig. 1c of (2), except that they also find a positive correlation with precipitation over the Eastern Cape and their correlations remain for a longer period beginning from 1957/8, whereas the correlations with regional-average precipitation weaken for the longer period. Note that (2) analysed smaller temporal and spatial scales (individual monthly anomalies for individual weather stations) than those considered here.
Supplementary Note 2: Eastern Africa full results; 1956-2011
The analysis was repeated for the eastern African regions defined by cluster analysis, comparing three and five cluster regions. See maps and time series in Supplementary Figures 4-6 . Inter-cluster correlations again show stronger inter-cluster correlations for longer analysis periods than for shorter periods, and correlations for the period over which the cluster analysis was done (Supplementary  Tables 5-6 ) have one cluster pair whose correlation exceeds 0.5 in each case. The most northwesterly cluster in each case (stretching from the southeast Sahel down towards the Ethiopian highlands) shows the weakest correlations with others, so it has more independent variability than the others.
With three clusters (Supplementary Table 3 ), regional annual precipitation shows significant correlations with ENSO and with IOD that are consistent across the different analysis periods considered here and with prior work (e.g. 6). As expected due to its lack of proximity, correlations with SAM are weak and the only significant correlations (for one period only, 1980-2011) are likely to be due to chance given that they change sign for the longer analysis periods. Cluster E3_2 is not significantly correlated with any of the indices considered here for 1956-2011. Wetter conditions in cluster E3_1 (countries with Indian Ocean coastlines) are associated with positive IOD DMI and with warm (El Niño) ENSO events (not significantly for 1956-2011, but significantly for longer analysis periods), consistent with prior studies (4; 5).
There is an opposite relationship for cluster E3_3 (SE Sahel and part of the Ethiopian highlands), with drier conditions associated with warm (El Niño) events. This is consistent with the 2015 drought coinciding with the 2015 El Niño event (7). The relationship is consistently strong across most analysis periods and using either Nino3.4 or SOI indices and so it is more likely that it is a genuine association with ENSO and is consistent with studies of precipitation teleconnections in Ethiopia and flows of the Blue Nile that drains a large part of this cluster area (8; 9).
Separating the rainfall into five cluster regions instead of three yields similar results (Supplementary Table 3 ). Cluster E3_2 in the three-cluster case is approximately split into Clusters E5_1 and E5_5 in the five-cluster case, and these remain mostly uncorrelated with the indices considered here.
Cluster E3_1 in the three-cluster case, which was positively correlated with Nino3.4 and with IOD, is approximately split into clusters E5_2 and E5_4 in the five cluster case (though cluster E5_5 also encroaches slightly on the three-cluster cluster E3_1). This separation has weakened the positive correlations with Nino3.4 and IOD and shows that the ENSO influence arises more strongly from the southern area (five-cluster cluster E5_4) and less so from E5_2, the northern part of the Horn of Africa, whereas the IOD influence is more evenly associated with both regions.
Cluster E3_3 in the three-cluster case is approximately the same as cluster E5_3 in the five-cluster case, and maintains the negative correlations with Nino3.4 and the positive correlations with SOI that were commented on above. They are slightly weakened across all periods considered and across both indices, compared with E3_3.
Supplementary Note 3: Temporal stability of clusters and correlations
To examine the temporal stability of the clusters and teleconnections we defined clusters using several alternative periods; 1951-1980, 1981- The correlations between clusters and key climate indices of large-scale variability for both periods are shown for the periods in Supplementary Table 11 for southern Africa (compare with Supplementary Table 4 for the longer period) and in Supplementary Table 12 for  eastern Africa (compare with Supplementary Tables 3 and 6 for the longer period). In southern Africa, nearly all the regional rainfall series are negative correlated with Nino3.4 (and positively with SOI) even when clusters are defined and correlations evaluated over short periods. The differences in the correlations with ENSO are less marked than for the IOD. For the latter, there are no statistically significant IOD correlations using the 1951-1980 cluster timeseries, whereas one region (S7_7) does for the clusters defined on 1981-2011.
In eastern Africa, the significant correlation between the IOD and the precipitation in the easternmost cluster (E3_2 for the shorter period; Supplementary Figure 8 ) is apparent for both periods, while the correlation with ENSO is significant only for the later period (Supplementary Table 12 The strength of spatial correlations varies over time due to random sampling variability, probably contributing to the sensitivity of cluster definitions in southern Africa discussed above, between the two shorter analysis periods. This provides justification for defining clusters using the longest possible period of reliable data. Taking 1951-2011 would maximise sample size and hence minimise sampling variability. The strength of spatial correlations may also vary over time due to changing strength of common external drivers. For this possibility, we are guided by previous analyses, in particular Richard et al. (2000) . They found a substantial change in ENSO correlation (from weak to strong association) with southern African rainfall using a 20-year sliding window when centred on 1965 [the period [1956] [1957] [1958] [1959] [1960] [1961] [1962] [1963] [1964] [1965] [1966] [1967] [1968] [1969] [1970] [1971] [1972] [1973] [1974] [1975] ). This suggests avoiding any data prior to 1956 in defining the clusters.
We therefore decided to use the period 1956-2011 to define the clusters; this reduces sampling variability (by using a longer period) and reduces any influence of changing ENSO teleconnection on southern Africa.
Supplementary Note 4: Central Africa and the Grand Inga dam
Several phases of a mega-project are planned to develop the Grand Inga dam in the Democratic Republic of Congo (DRC) up to a potential installed capacity of 39,000 MW by 2030 (Fig. 1) . This is greater than the total planned in eastern and southern Africa combined (Tables 1 and 2 ). The pace of future infrastructure development in DRC is highly uncertain, but, if completed, Grand Inga would change the dynamics of electricity generation and energy security across much of Africa. Completion would greatly increase the potential for power sharing and for Power Pools to spread risk of concurrent electricity outages. To examine this we used the good quality long record of Congo river discharge (gauge located at Kinshasa) to provide a proxy for interannual rainfall variability in the basin (record available for 1903-96) and compared it with river discharge series in eastern and southern Africa. We excluded Central Africa from our Principal Components Analysis of precipitation due to the very poor coverage of rain gauges. Just 0-5 gauges are operational in the Congo basin in the CRU TS data set during the 1980s and 1990s (11) and the fractional coverage across Central Africa of CRU grid squares containing at least one gauge falls from roughly 80% during [1985] [1986] [1987] [1988] [1989] [1990] to less than 20% during 1997-2010 (12) . Good quality long river flow series are available for the Blue Nile and the White Nile (as outflows from Lake Victoria) and the upper Zambezi. The discharge series have been described and analysed extensively (11) . For the other (generally much smaller) rivers with hydropower dams the flow records are short, affected by human activities and/or poor quality. The results are included in the main paper (Fig. 3) .
Supplementary Note 5: Variance explained by principal components
The cumulative variance accounted for by the principal components in each region is shown in Figure S12 (see also Supplementary Table 13 ). With CRU rainfall data the first principal components account for 29% and 20% in southern and eastern Africa, respectively. In the main paper, results are presented for CRU data with seven principal components in southern Africa, accounting for 64% of the total variance (69% is accounted for with nine principal components).
Results for eastern Africa with three principal components are considerably lower 36% (46% with five). Results are similar between the CRU and GPCC datasets. This is likely due to the stronger diversity of seasonal precipitation (unimodal in the north and south, bi-modal across much of the central parts of the region), and contrasting teleconnection influences during each seasonal maxima. The scree plot is used as one of the many ways to decide when to stop the selection of the number of PCs. The selection of the number of PCs is justified through the physical sense of the cluster teleconnections and that the maps are similar to the ones captured in other studies using PCA in SSA.
Supplementary Note 6: Collection and categorization of existing and proposed hydropower sites in eastern and southern Africa
Data collection was carried out for two types of hydropower sites: (i) existing and (ii) proposed. Only those sites with more than 50 MW installed capacity are included in this study.
For information on existing hydropower sites, our primary source of data is a recent World Bank study (13) from which details of hydropower sites in Eastern and Southern Africa are collected. Cervigni et al. (13) provide details regarding existing as well as proposed sites based on key documents and reports prepared by governments and other agencies. Some hydropower sites and related information not mentioned in (13) were collected from an online interactive free database of the Global Energy Observatory (GEO). Location and coordinate information was also collected from the GEO database. Although GEO ensures that high quality data and information are collected and made available, this database includes user-generated content and therefore the information requires validation from other reliable sources. The data collected from both sources, GEO and (13), were cross-validated against information provided by several governments, energy companies and independent international agencies. These include the Electricity Supply Corporation of Malawi, the Tanzania Electric Supply Company Limited, the Kenya Electricity Generating Company Limited, the Uganda Electricity Generation Company, Lesotho Highlands Development Authority, Bujagali Energy Limited (Uganda), power-technology.com (covering the global energy industry), HydroWorld.com (provides latest hydropower news), and the World Energy Council (a network of leaders and practitioners for delivering sustainable energy systems) (see Supplementary Table 14) .
For proposed hydropower sites in eastern and southern Africa, information was also mainly compiled from (13) (Supplementary Table 14 ). The information available in (13) Table 14) . For the Nile Basin (13) augmented the information through consultations with senior officials from the Nile Basin Initiative member countries.
Coordinates of proposed sites were determined manually based on descriptions given in project proposal documents and reports available freely online. These included information available on the Ministry and electricity generation company websites (Ministry of Water and Energy -Ethiopia, Zambezi River Authority 2015, Uganda Electricity Generation Company, Supplementary Table 14) , a hydropower potential report (State of the River Nile Basin 2012, Supplementary Table 14) , and hydropower, energy and power related news articles (HydroWorld.com and International Hydropower Association, Supplementary Table 14 ). An example of information available is the proposed site for the Tams Dam in Ethiopia, 45km from the town of Gambella. Here, a location on the river Baro at the specified distance of 45km was mapped on Google Earth to obtain the necessary coordinates for the proposed Tams Dam.
